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Editor: Simon PollardNitrous oxide, carbon dioxide and methane are greenhouse gases (GHG) emitted from wastewater treatment
that contribute to its carbon footprint. As a result of the increasing awareness of GHG emissions fromwastewater
treatment plants (WWTPs), new modelling, design, and operational tools have been developed to address and
reduce GHG emissions at the plant-wide scale and beyond. This paper reviews the state-of-the-art and the re-
cently developed tools used to understand and manage GHG emissions fromWWTPs, and discusses open prob-
lems and research gaps.
The literature review reveals that knowledge on the processes related to N2O formation, especially due to auto-
trophic biomass, is still incomplete. The literature review shows also that a plant-wide modelling approach that
includes GHG is the best option for the understanding how to reduce the carbon footprint ofWWTPs. Indeed, sev-
eral studies have conﬁrmed that a wide vision of the WWPTs has to be considered in order to make themmore
sustainable as possible.Mechanistic dynamicmodelswere demonstrated as themost comprehensive and reliable
tools for GHG assessment. Very few plant-wide GHGmodelling studies have been applied to real WWTPs due toKeywords:
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Emission
Carbon footprint
Nitrous oxidea).
255G. Mannina et al. / Science of the Total Environment 551–552 (2016) 254–270the huge difﬁculties related to data availability and the model complexity. For further improvement in GHG
plant-widemodelling and to favour its use at large real scale, knowledge of themechanisms involved inGHG for-
mation and release, and data acquisition must be enhanced.
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Water resource recovery facilities, also referred to as wastewater
treatment plants (WWTPs), can emit gases that are harmful to the cli-
mate, such as nitrous oxide (N2O), carbon dioxide (CO2), and methane
(CH4) (Kampschreur et al., 2009; Global Water Research Coalition —
GWRC, 2011; Law et al., 2012a). In general, greenhouse gases (GHG)
are emitted from a WWTP through three main mechanisms,
i.e., direct, indirect internal, and indirect external (GRP, 2008), and
these sources are also referred to as Scope I, II, and III emissions, respec-
tively (LGOP, 2008). Direct emissions fromWWTPs are primarily relat-
ed to biological processes (emissions of CO2 frommicrobial respiration,
N2O from nitriﬁcation and denitriﬁcation, and CH4 from anaerobic di-
gestion). Indirect internal emissions are associated with the consump-
tion of imported electrical or thermal energy. Finally, indirect external
emissions are related to sources not directly controlled within the
WWTP (e.g., third-party biosolids hauling, production of chemicals
and their transportation to the plant, etc.).
The traditional main goal of a WWTP, i.e., to meet efﬂuent stan-
dards to protect the receiving water body, requires a broadening in
scope if a reduction of GHG emissions is desired. The United States
Environmental Protection Agency (USEPA, 2006) estimated that
N2O fromWWTPs accounts for approximately 3% of N2O from all na-
tional sources and ranks as the sixth largest contributor to GHG
emissions (Law et al., 2012b). Regardless of the origin of the carbon
in wastewater (i.e., fossil or non-fossil), quantiﬁcation of GHG is nec-
essary for a better understanding of how to reduce GHG emissions
from WWTPs, and ultimately to maximize the accuracy in the emis-
sion reporting process.
The reduction of the carbon and energy footprint is of worldwide
concern for global warming mitigation and adaptation strategies.
Over the years, several approaches have been described to under-
stand GHG production processes (e.g., Foley et al., 2010; Daelman
et al., 2012), quantify and measure GHG emissions (GWRC, 2011;
Pan et al., 2012, 2013; Peng et al., 2014) and predict and control
their production (Flores-Alsina et al., 2011b; Corominas et al.,
2012; Ni et al., 2013a, 2013b; Kim et al., 2015a). Although GHG emis-
sions from WWTPs are currently an area of concern, the source and
magnitude (mainly for N2O) are relatively unknown, and the body
of knowledge is still incomplete (Kampschreur et al., 2009, Law
et al., 2012a; Peng et al., 2014), although attention must be placed
on long-lived carbon (e.g., due to any oxidation of fossil carbon in
WWTPs) and the other GHG.In recent years, new GHG quantiﬁcation and measuring techniques
have increased the available data and literature on GHG emissions
(GWRC, 2011;Daelman et al., 2012; Daelman et al., 2015). The Intergov-
ernmental Panel on Climate Change (IPCC) has established emission
factors to provide quantiﬁcation guidelines for estimated GHG emis-
sions in WWTPs. However, many of these measurements are site-
speciﬁc. For example, the IPCC emission factor for N2O is currently
based on a single study in which the WWTP was not designed for re-
moval of nitrogen (GWRC, 2011). Furthermore, GHG measurements
contain a large amount of uncertainty (especially in terms of N2O),
which contrasts with the use of ﬁxed emission factors (Daelman et al.,
2015). Measurement uncertainties and lack of transposable data still
hinder a correct and required GHG emission quantiﬁcation process
(Sweetapple et al., 2013; Guo and Vanrolleghem, 2014; Caniani et al.,
2015; Kim et al., 2015b).
To ﬁll this gap, mathematical models offer useful tools for assessing
GHG and evaluating different mitigation alternatives before putting
them into practice. GHG modelling can enhance the correct quantiﬁca-
tion of GHG emissions for different WWTP conﬁgurations and evaluate
the effects of various operating conditions. A large portfolio of mathe-
matical modelling studies has been developed to include GHG emis-
sions during design, operation, and optimization of WWTPs (Ni et al.,
2011, 2013a, 2013b, 2014; Flores-Alsina et al., 2011b; Snip et al.,
2014). The incorporation of the carbon footprint and GHG emission
quantiﬁcation as an additional feature in WWTP modelling was sug-
gested by several authors (e.g., Flores-Alsina et al., 2011b, 2014;
Corominas et al., 2012; Guo et al., 2012).
Recent studies have demonstrated the paramount importance of ap-
plying a plant-wide approach that includes GHG (Flores-Alsina et al.,
2014; Kim et al., 2015a). A plant-wide modelling approach includes liq-
uid, solid, and gaseous emissions (Flores-Alsina et al., 2014). At this
scale, models can assist users in identifying the synergies and interac-
tions among the different treatment unit processes, thus facilitating
quantitative prioritization of the most cost-efﬁcient solutions (Grau
et al., 2007). The increasing interest in climate change due to GHGemis-
sions has emphasized the need to establish innovative/comprehensive
approaches to better design/control/optimize WWTPs at the plant-
wide scale. The traditional approaches that donot includeGHGwill like-
ly lead to an undesirable increase of GHG emission when other process
variables are optimized (Flores-Alsina et al., 2014; Kim et al., 2015b).
However, despite early efforts towards the integration of established
activated sludge models (Henze et al., 2000) with GHG models
(Batstone et al., 2002; Hiatt and Grady, 2008; Ni et al., 2013a, 2013b;
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discussed the beneﬁts (in terms of reducing the GHG emissions coupled
with the limitation of other pollutants fromWWTPs) of applying GHG
model at the plant-wide scale (Gori et al., 2011; Sweetapple et al.,
2013; Flores-Alsina et al., 2014; Kim et al., 2015a).
Themain goal of this paper is to critically review the state-of-the-art
approaches in themodelling of GHGproduction/emission fromWWTPs,
with an emphasis on plant-widemodelling. Case studies ofmodel appli-
cations are discussed here, and the research gaps and needs are
highlighted.
The core of the paper is organized into four sections (Sections 2–5).
The ﬁrst section contains the historical overview of the plant-wide
modelling in order to provide the “frames” which conduce to the cur-
rent knowledge. In Section 3 the state of the art on the GHG modelling
at the plant-wide scale is presented and discussed. In Section 4 the
key elements/gaps of knowledge of the GHG–N2Omodelling at the pro-
cess or treatment unit scale are summarized in order to deepen insight
the key assumptions that can affect the results at plant-wide scale. Fi-
nally, Section 5 summarizes the key elements/gaps/ﬁndings deduced
from the work.
2. Brief historical overview of plant-wide modelling
Plant-wide modelling can be considered one of the main results of
the efforts during the last 40 years by the scientiﬁc community operat-
ing in the ﬁeld of wastewater treatment. These efforts were aimed at in-
creasing the amount of knowledge onWWTP processes, design, control
and management. The interest of two scientiﬁc complementary areas
was mainly focused on the plant-wide: 1) instrumentation, control
and automation (ICA); and 2) modelling.
In the 1970s, ICA became more present in WWTPs, contributing to
an increase in process knowledge at full-scale. The ﬁrst ICA applications
were used for simple activated sludge processes aimed at organic mat-
ter removal (Olsson, 2012a, Fig. 1). Over the years, the technological im-
provement of on-line instrumentation (sensors) and computers
(storage capacity, speed etc.) has facilitated an understanding of the bi-
ological and physical processes that occur inside the WWTPs. In 1982,
the International Association on Water Pollution Research and Control
(IAWPRC) established a Task Group onMathematical Modelling for De-
sign and Operation of Activated Sludge Processes (Fig. 1).
From 1982 until the present, mathematical modelling has widely
evolved and has been combined with control systems development
(Olsson, 2012a,b). Knowledge acquired over the years has contributed
to the evolution from simple growth-based kinetics, such as the Activat-
ed Sludge Models No. 1 (ASM1), to complex models, such as ASM2dFig. 1.Milestones in the historical evolutio(Henze et al., 2000) (Fig. 1). Furthermore, mathematical models were
developed to reproduce the physical separation processes that occur
in settlers or are performed by membranes and processes in the sludge
line of a WWTP (Takács et al., 1991).
For the sludge line, the IWA Task Group for Mathematical Modelling
of Anaerobic Digestion Processes developed the generic Anaerobic Di-
gestion Model No. 1 (ADM1; Batstone et al., 2002) to reach a common
basis for further model development. Indeed, the ﬁrst version of
ADM1 neglects certain processes involved, such as sulphate reduction,
acetate oxidation, homoacetogenesis, solid precipitation and inhibition
due to sulphides, nitrates, long-chain fatty acids (LCFAs), and weak
acids and bases (Fuentes et al., 2008).
Benchmarking tools were developed by combining process models
(e.g., ASMs and ADM) and ICA. In 2002 the efforts of the International
Water Association Task Group on Benchmarking of Control Strategies
for Wastewater Treatment Plants produced the publication of Bench-
mark Simulation Model No. 1 (BSM1; Copp, 2002) (Fig. 1). The BSM1
represents a virtual plant and integrates an activated sludge system
that operates according to ASM1 with a secondary clariﬁer (Takács
et al.,1991). In 2007, the Benchmark Simulation Model No. 2 (BSM2)
(Jeppsson et al., 2007; Nopens et al., 2010) was proposed by integrating
the BSM1 with wastewater pre-treatment and a sludge train (Fig. 1).
BSMs have been widely applied to test or verify different control strate-
gies or to optimize the plant design. The use of BSM modellers opti-
mized processes by addressing several driving forces, such as the
reduction of electric energy demand or of pollutant discharge. Further,
the use of BSMs has substantially contributed to increased knowledge
in terms of innovative technologies or new pollutants of interest
(e.g., GHG; Fig. 1). Maere et al. (2011) have presented a modiﬁed ver-
sion of the BSM1 for membrane bioreactor systems (BSM-MBR).
Recently, Puchongkawarin et al. (2015) adopted a plant-wide
modelling approach to optimize an existing industrial WWTP in
Australia. The authors conﬁrmed the importance of using plant-wide
modelling and stressed the need for setting up dedicated databases for
reliable and feasible WWTP analysis at the plant-wide scale. During
the last years, the interest in moving towards a wastewater treatment
plant-wide control (including GHG) with the use of BSM was empha-
sized in literature (Guo et al., 2012; Guo and Vanrolleghem, 2014; Kim
et al., 2015b) (Fig. 1). Thus, a plant-wide approach that includes GHG
has become a common goal among researchers.
The overview presented herein shows that the historical need to
converge between best plant management and environmental protec-
tion has been fulﬁlled by strengthening the use of the plant-wide ap-
proach. Undoubtedly, the “strengthened process” has been aided by
technological progress and the process of knowledge advancement.n of plant-wide modelling approach.
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to guide designers and operators. However, despite the numerous
advantages of the plant-wide approach, modellers cannot exclude the
difﬁculties related to the use/management of complex models,
e.g., amount of data required for model calibration, computational in-
tensity, reliability of ﬁeld use of complex tools for operators, etc. Such
difﬁculties are ampliﬁed at the plant-wide scale. As discussed below,
the knowledge of the mechanisms of GHG formation is not complete
and requires further studies (Castro-Barros et al., 2015). Therefore,
extensive and robust databases on GHGs for plant-wide applications
are recommended.
3. Previous studies of GHGmodelling at the plant-wide scale
The approaches for GHG modelling can be grouped (Corominas
et al., 2012): i) empirical models based on the emission factors at the
treatment unit scale (e.g., IPCC, 2006; LGOP, 2008); ii) simple
comprehensive process-based models at the treatment unit scale
(e.g., Monteith et al., 2005; Gori et al., 2011); iii) dynamic mechanistic
models at the treatment unit (e.g., Mannina and Cosenza, 2015) or
plant-wide scale (e.g., Guo and Vanrolleghem, 2014).
In this study, the attention is primarily focused on the third approach
with an emphasis on the plant-wide approach, which is recognized as
the most comprehensive and reliable method for effective reduction
of overall WWTP emissions (i.e., from liquids, solids, and gases). Atten-
tion has been mainly focused on the GHG modelling in water line on
which an immature and controversial knowledge still exists.
Mathematical modelling of GHG formation and emission at a plant-
wide scale is recent. Previous models presented in the last decade were
relatively simple due to limited process knowledge (Corominas et al.,
2012). These models were primarily based on linear relationships be-
tween GHG emission factors and factors related to the water system
(sewer, wastewater, and river), such as operating conditions, treated
volume, or discharged efﬂuent volume. Acquisition of experimental
data, system analysis and increased computing capacity have led to
the development and integration of more reliable models.
Mathematical models of GHG at the plant-wide scale can be divided
into twomain classes based on the approach adopted to describe the bi-
ological processes involved in the GHG and formation/transformation/
degradation of other compounds: i) simple steady-state comprehensive
process models and ii) dynamic mechanistic models. Details on plant-
wide GHGmodels found in literature for each class and the ﬁndings ob-
tained from their applications are reported in Table 1. To eachmodel re-
ported in Table 1 a subjective complexity degree (low, medium, high),
established on the basis to the authors experience, has been assigned.
Table 2 summarizes the most important relationships between GHG
emissions and the corresponding emission factors. In the following sec-
tions, a description and the main features of the two groups are
provided.
3.1. Simple steady-state process models
The ﬁrst plant-widemodel forGHGwas developed byMonteith et al.
(2005). Their rational procedure for calculation of greenhouse gas emis-
sions from wastewater treatment facilities contained a streamlined set
of equilibrium operations that became the backbone for several subse-
quent works (e.g., Gori et al., 2011). One of the early plant-widemodels
was presented and applied by Préndez and Lara-González (2008), who
combined several models proposed by the IPCC (1997) and other au-
thors (USEPA, 2007) with the aim of evaluating GHG emissions (in
terms of CH4, CO2, and N2O; Table 1). Préndez and Lara-González
(2008) analysed different management scenarios and stressed the im-
portance of N2O, although its emission was lower than that of CO2 and
CH4 due to its high GWP. Thus, Préndez and Lara-González (2008)
began to note the need to investigate the processes related to the forma-
tion of N2O, even at the plant-scale. Despite this need, N2Omodelling atthe plant scalewas not a commonpractice during the ﬁrst decade of this
century. In fact, only the role of CO2 or CH4 was often considered
(e.g., Rosso and Stenstrom, 2008). For example, Bani Shahabadi et al.
(2009) elaborated a complex mathematical model able to quantify the
on-site (direct emission) and off-site (due to the usedmaterials, energy
demand, and solid disposal) CO2 and CH4 emissions from WWTPs
(Table 1) without taking into account N2O. The mathematical model
proposed by Bani Shahabadi et al. (2009), based on established kinetic
relationships and mass balances, had a more detailed structure than
the previous models and showed that off-site emissions of anaerobic
and hybrid treatment systems contributed signiﬁcantly to the overall
GHG emissions compared with the on-site emissions due to material
usage for on-site consumption. The authors showed that nutrient re-
moval processes play a relevant role in terms of total GHG emissions
in aerobic and hybrid processes. Indeed, compared with other studies
(Cakir and Stenstrom, 2005; Greenﬁeld and Batstone, 2005; Monteith
et al., 2005), higher total GHG production was observed. In terms of en-
ergy production/recovery, the authors suggested the implementation of
an aerobic reactor combined with anaerobic solid digestion for energy
recovery. In 2010, Bani Shahabadi et al. applied the samemodel to eval-
uate the GHG emissions (on-site and off-site) of a hybrid treatment sys-
tem for foodwastewaterwith highly variable inﬂuent BODand nitrogen
concentrations (Table 1). The results showed that to reduce GHG emis-
sions, it was necessary to recover and reuse biogas to generate the re-
quired energy for the heating needs of the plant. Indeed, the total
energy needs of the WWTP for aeration, heating and electricity could
be completely satisﬁed by adopting biogas as fuel. Therefore, the inter-
nal GHG emissions associated with the consumption of imported elec-
trical or thermal energy are severely reduced.
Even Gori et al. (2011) presented a simpliﬁed model based on a
plant-wide COD balance by expanding on the rational procedures by
Monteith et al. (2005) and Rosso and Stenstrom (2008) and neglecting
the role of N2O. The model was able to quantify the carbon and energy
footprint of a conventional activated sludgeWWTP based on amodiﬁed
Ludzack–Ettinger process for denitriﬁcation with primary sedimenta-
tion, anaerobic stabilization and energy recovery (Table 1). The authors
observed that by increasing the ratio between soluble and total COD, an
increase of the carbon and energy footprint took place due to aeration.
Conversely, an increase in particulate (e.g., pCOD/COD) removal in pri-
mary sedimentation reduced the energy demand in the aerated tank
and the CO2 emissions, both due to aerobic respiration and power de-
mand for aeration blowers. Indeed, the amount of organic carbon that
has to be degraded inside the aerobic tank decreases. The model pre-
sented in Gori et al. (2011) was further developed by coupling the bio-
logical activated sludge and digestion processes using the ASM3 (Henze
et al., 2000) and the ADM1 (Batstone et al., 2002). Integration of these
models allowed a discussion of the role of primary sedimentation in
plant-wide energy recovery and carbon footprint (Gori et al. 2013)
(Table 1). The authors found that the presence of a primary settler
allowed reduction of the overall CO2 equivalent emissions and energy
requirements. Indeed, primary sludge has a higher methane yield be-
cause secondary sludge is primarily composed of bacteria and highly re-
duced colloids. However, the model of Gori et al. (2013) does not
consider the N2O emissions, thus, neglecting the potential negative ef-
fect of the primary settler in terms of N2O emission. Indeed several ex-
perimental studies have investigated the role of the carbon amount
fed into the aerobic biological treatment section (Kampschreur et al.,
2009). With the increase of the ratio between carbon and nitrogen
that could be obtained without the primary settler, the N2O formation
during the denitriﬁcation decreases the available biodegradable organic
carbon is not limiting (Kampschreur et al., 2009). However, as authors
are aware, no modelling study has yet investigated the effect of remov-
ing the primary settling at plant-wide scale in terms of total GHG emis-
sion including N2O.
Also, the role of upstreamoperations considered innocuous for ener-
gy and carbon footprint, such as grit removal, was highlighted: a neglect
Table 1
Summary of the main relevant models based on the plant-wide approach found in literature.
Reference Type of WWTP Type of model Model
complexity
Evaluation criteria Variables Remarks
Plant-wide approach
Flores-Alsina
et al. (2014)
Primary clariﬁer, modiﬁed
Ludzack–Ettinger conﬁguration of the
activated sludge unit (2 anoxic and 3
aerobic tanks), sludge thickener,
anaerobic digester, storage tank and
dewatering unit
BSM2G (dynamic) H Efﬂuent quality index;
Operational Costs Index; GHG
emissions due to: direct
secondary treatment, sludge
processing, net power, chemicals,
sludge disposal and reuse.
Dissolved oxygen, primary clariﬁer
efﬁciency by varying the TSS removal,
temperature in the anaerobic
digester, by controlling the return
ﬂowrate of the anaerobic digester
supernatants
High (66%) TSS removal efﬁciency in the
primary settler entails: reduction of the
off-site CO2 emission due to the aeration,
increase of the energy recovery due to
the anaerobic digestion (higher CO2
credit), increase of N2O emission due to
the inadequate C/N ratio. Low DO
concentration (1 mg O2 L−1) leads:
energy saving, decrease in efﬂuent
quality, increase of the total plant N2O
emission.
Flores-Alsina
et al. (2011a)
Primary clariﬁer, modiﬁed
Ludzack–Ettinger conﬁguration of the
activated sludge unit (2 anoxic and 3
aerobic tanks), sludge thickener,
anaerobic digester, storage tank and
dewatering unit
BSM2G (dynamic) H Efﬂuent quality index;
Operational Costs Index; GHG
emissions due to: direct
secondary treatment, sludge
processing, net power, chemicals,
sludge disposal and reuse.
3 scenarios where the role of the
dissolved oxygen concentration in
the aerated section (scenario 1), the
sludge retention time (scenario
2) and COD/N ratios in the biological
reactor (scenario 3) as promoters of
GHG emissions is examined
Low concentration of oxygen
(=1 mg L−1) leads to a reduction of CO2
thanks to the lower energy consumption
and the increase of N2O emissions due to
nitrite accumulation. At low SRT (around
14 days) GHG emissions due to the sludge
treatment and disposal increase. At high
SRT (around 18 days) non-N2O GHG
emissions and off-site emissions due to
electrical use increase. High COD/N ratio
increase the GHG emissions in the
secondary treatment. At low COD/N the
total GHG emissions are very low.
Flores-Alsina
et al. (2011b)
Primary clariﬁer, modiﬁed
Ludzack–Ettinger conﬁguration of the
activated sludge unit (2 anoxic and 3
aerobic tanks), sludge thickener,
anaerobic digester, storage tank and
dewatering unit
BSM2G (dynamic) H Efﬂuent quality index;
Operational Costs Index; GHG
emissions due to: direct
secondary treatment, sludge
processing, net power, chemicals,
sludge disposal and reuse.
Primary clariﬁer efﬁciency by varying
the TSS removal (33%, 50%, 66%)
High (66%) TSS removal efﬁciency in the
primary settler entails: reduction of the
off-site CO2 emission due to the aeration,
increase of the energy recovery due to
the anaerobic digestion (higher CO2
credit), increase of N2O emission due to
the inadequate C/N ratio.
Corominas et al.
(2012)
Primary clariﬁer, modiﬁed
Ludzack–Ettinger conﬁguration of the
activated sludge unit (2 anoxic and 3
aerobic tanks), sludge thickener,
anaerobic digester, storage tank and
dewatering unit
BSM2G (dynamic and Steady-state)
and plant wide-model based on Bridle
et al., 2008 (steady-state)
L/M/H Total direct secondary treatment
emissions; Total sludge
processing GHG emissions; Total
net power GHG emissions; Total
GHG emissions (GHG total).
Anaerobic digester volume (large or
small). Steady-state (ﬂow-based
average data) and dynamic
(ﬂow-based dynamic data)
simulations are performed by using
both models.
The generation of GHGs is not a linear
process and daily–weekly–seasonal
variations and operating conditions affect
their production and emission.
Estimating GHGs using a single factor
would not capture variability in the
emissions related to changes in process
conﬁguration, operating conditions and
temperature. The use of dynamic
process-based models helps to better
evaluate GHG emissions.
Guo et al. (2012) Primary clariﬁer, modiﬁed
Ludzack–Ettinger conﬁguration of the
activated sludge unit (2 anoxic and 3
aerobic tanks), sludge thickener,
anaerobic digester, storage tank and
dewatering unit
ASMG + ADM1 (Batstone et al.,
2002) (steady state and dynamic) +
integrated model of Sharma et al.
(2008) and Guisasola et al. (2009) for
evaluating CH4 and H2S produced
inside the sewer system
H Efﬂuent quality index;
Operational Costs Index; GHG
emissions
Four scenarios where the role of
inﬂuent COD/N ratio (default
scenario), dissolved oxygen in the
aerobic tanks, ammonia and
dissolved concentration in the last
aerobic tank is assessed.
The default scenario shows that more
carbon dosing emits more total net
WWTP GHGs, the carbon dosing can
affect the N2O production. DO shows an
important effect on N2O emissions and its
spatial distribution should be considered
in the strategy design. Controlling both
DO and ammonia concentration in the
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last aerobic tank OCI and EQI increase.
Gori et al. (2011) Real plant: headworks, primary clariﬁer,
pre-denitriﬁcation (modiﬁed
Ludzack–Ettinger conﬁguration with 1
anoxic and 1 aerobic tanks), secondary
clariﬁer, disinfection, sludge thickener,
anaerobic digester, dewatering unit,
sludge deposal
Carbon and energy footprint models
as function of COD fractions
(Monteith et al., 2005; Rosso and
Stenstrom, 2008)
L CO2 from activated sludge
respiration, CO2eq from
combustion of CH4 in biogas, CO2
from combustion of CH4 in biogas,
CO2eq from biogas fugitive
emission, CO2eq from biosolids
dewatering. Energy footprint
variables: energy recovery, energy
demand.
COD fractions The increase of the ratio between soluble
COD (sCOD) and total COD (COD)
increases the energy demand on the
aeration reactors, the associated CO2
direct emission from respiration, and the
indirect emission for power generation.
In case of excessive bCOD removal in the
primary settler care must be used since
the nutrient removal process
downstream may suffer.
Gori et al. (2013) Two real plants: plant 1 (located in a
warm region in USA) — headworks,
primary clariﬁer, predenitriﬁcation
(modiﬁed Ludzack–Ettinger
conﬁguration with 1 anoxic and 1 aerobic
tanks), secondary clariﬁer, disinfection,
sludge thickener, anaerobic digester,
dewatering unit, sludge deposal; plant 2
(located in Italy) — headworks,
predenitriﬁcation (modiﬁed Ludzack–-
Ettinger conﬁguration with 1 anoxic and
1 aerobic tanks), secondary clariﬁer,
disinfection, sludge thickener, anaerobic
digester, dewatering unit, sludge deposal
ASM3 (Henze et al., 2000) + ADM1
(Batstone et al., 2002)
M CO2 from activated sludge
respiration, CO2eq from
combustion of CH4 in biogas, CO2
from combustion of CH4 in biogas,
CO2eq from biogas fugitive
emission, CO2eq from biosolids
dewatering. Energy footprint
variables: energy recovery, energy
demand.
Primary settler COD removal
efﬁciency
Primary settling increases the solid
fraction of COD that is processed in
anaerobic digestion, with an associated
increase in biogas production and energy
recovery, and a reduction in overall
emissions of CO2 and CO2eq from power
importation.
Bani Shahabadi
et al. (2009)
Three plant schemes for treating
industrial wastewater (average BOD =
2000 kg BOD/d): plant 1 — primary
clariﬁer, anoxic and aerobic biological
treatment, secondary clariﬁer, anaerobic
digester; plant 2 — primary clariﬁer,
anaerobic biological treatment,
secondary clariﬁer, anaerobic digester;
plant 3 — primary clariﬁer, anaerobic,
anoxic and aerobic biological treatment
(hybrid), secondary clariﬁer, anaerobic
digester.
Model based on established kinetics
relationships and mass balances
M Total GHG emissions: on-site
biological processes, off-site
biological processes, due to
materials used, due to energy
demands, due to solid disposal,
extra saving of GHG emissions due
to biogas recovery.
Two scenarios for each plant scheme:
1) ﬂaring of biogas without energy
recovery and reuse; 2) energy
recovery and combustion of biogas
The on-site biological processes made the
highest contribution to GHG emissions in
the aerobic treatment system while the
highest emissions in anaerobic and
hybrid treatment systems were obtained
by off-site GHG emissions, mainly due to
on-site material usage. Biogas recovery
and reuse as fuel cover the total energy
needs of the treatment plants for
aeration, heating and electricity for all
three types of operations, and
considerably reduce GHG emissions by
512, 673, and 988 kg CO2eq/d from a total
of 3265, 6625, and 7640 kg CO2eq/d for
aerobic, anaerobic, and hybrid treatment
systems, respectively.
Bani Shahabadi
et al. (2010)
Primary clariﬁer, anaerobic, anoxic and
aerobic biological treatment (hybrid),
secondary clariﬁer, anaerobic digester
where food processing wastewaters are
treated.
Model based on established kinetics
relationships and mass balances
M Total GHG emissions (as sum of
CO2 and CH4): by on-site
biological processes, by off-site
biological processes, due to
materials used, due to energy
demands, due to solid disposal,
extra saving of GHG emissions due
to biogas recovery.
Two scenarios for each plant scheme:
1) ﬂaring of biogas without energy
recovery and reuse; 2) energy
recovery and combustion of biogas
The recovery of biogas and its reuse as
fuel have a remarkable impact on GHG
emissions and reduce the overall
emissions by 1023 kg CO2eq/d from a
total of 7640 kg CO2eq/d when treating a
wastewater at 2000 kg BOD/d.
Furthermore, the recovery of biogas and
its combustion may be used to cover the
entire energy needs of the treatment
plant for aeration, heating and electricity
generation while creating emissions
credit equal to 34 kg CO2eq/d.
Sweetapple et al. Primary clariﬁer, modiﬁed BSM2-e (BSM2 model adjusted in H Efﬂuent quality index; Local and global sensitivity Uncertainty in modelled nitrous oxide
(continued on next page)
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Table 1 (continued)
Reference Type of WWTP Type of model Model
complexity
Evaluation criteria Variables Remarks
(2013) Ludzack–Ettinger conﬁguration of the
activated sludge unit (2 anoxic and 3
aerobic tanks), sludge thickener,
anaerobic digester, storage tank and
dewatering unit
order to model N2O emission from a
four-step denitriﬁcation as detailed
by Samie et al. (2011). Stripping of
N2O from solution is then modelled
using Henry's law (dynamic
modelling)
Operational Costs Index; GHG
emissions due to: Aerobic
substrate utilization (CO2),
biomass decay (CO2) and
denitriﬁcation (CO2 and N2O) in
activated sludge reactors; biogas
leakage (CO2 and CH4) and
combustion (CO2); Stripping of
dissolved gases (CH4) in
dewatering unit; Generation of
energy imported; Manufacture of
chemicals; Offsite degradation of
efﬂuent; transport and offsite
degradation of sludge.
analysis performed considering 39
model parameters that vary
within a deﬁned range
established on the basis of an
uncertainty class.
emissions is the primary contributor to
uncertainty in total GHG emissions, due
largely to the interaction effects of three
nitrogen conversion modelling
parameters.
Sweetapple et al.
(2014a)
Primary clariﬁer, modiﬁed
Ludzack–Ettinger conﬁguration of the
activated sludge unit (2 anoxic and 3
aerobic tanks), sludge thickener,
anaerobic digester, storage tank and
dewatering unit
BSM2-e (Sweetapple et al., 2013) H Efﬂuent quality index;
Operational Costs Index; GHG
emissions due to: Aerobic
substrate utilization (CO2),
biomass decay (CO2) and
denitriﬁcation (CO2 and N2O) in
activated sludge reactors; Biogas
leakage (CO2 and CH4) and
combustion (CO2); Stripping of
dissolved gases (CH4) in
dewatering unit; Generation of
energy imported; Manufacture of
chemicals; Offsite degradation of
efﬂuent; Transport and offsite
degradation of sludge;
Three optimization problems are
implemented with the aim to:
minimize OCI and total GHG emission
(set x); minimize OCI, EQI and total
GHG emission (set y); minimize OCI,
total GHG emission, efﬂuent BOD5,
efﬂuent ammonia, efﬂuent nitrogen
(set z). The variables are: Internal
recycle ﬂow rate, carbon source
addition rate in the ﬁrst, second and
ﬁfth activated sludge reactors, KLa in
tanks 1, 2, 3 and 5; DO.
Multi-objective optimization can
facilitate a signiﬁcant reduction in GHG
emissions. The reduction of GHG
emissions is likely to incur an increase in
efﬂuent ammonia and total nitrogen
concentrations
Porro et al.
(2011)
Collection system; Wastewater
treatment plant: Primary and secondary
clariﬁer, predenitriﬁcation activated
sludge unit (2 anoxic and 3 aerobic
tanks), sludge thickener, anaerobic
digester, storage tank and dewatering
unit; river.
ASMG + ADM1 (Batstone et al.,
2002) (steady state and dynamic) +
integrated model of Sharma et al.
(2008) and Guisasola et al. (2009) for
evaluating CH4 and H2S produced
inside the sewer system
H Efﬂuent quality index;
Operational Costs Index; GHG
emissions.
3 scenarios where the role of the
COD/N ratios in the biological reactor
(scenario 1, default), dissolved
oxygen concentration ﬁxed at 2 mg/L
(scenario 2) and 1.3 mg/L (scenario
3) in the aerated section as promoters
of GHG emissions is examined
Sewer methane emissions accounted for
approximately eight percent of the total
system GHG emissions, while WWTP N2O
emissions accounted for approximately
25%. lowering the DO and aeration
electric CO2 emissions actually increased
the overall GHG emissions due to an
increase in N2O emissions. Steady state
models and/or emission factors may not
adequately capture the full N2O emission
potential, as it is largely dependent on
system dynamics.
Préndez and
Lara-González
(2008)
Real plant linear equations relating sanitation
activity information to design
parameters, emission factors and the
biochemical process for organic
matter decomposition in wastewater
and sludge (steady state)
L Total GHG emissions as: CH4, CO2,
N2O
Six scenario analysis where the % of
wastewater treated with aerobic and
anaerobic processes is varied. Further
the biogas reused or not was
considered.
For the end of the modelled period
(2027), results show emissions of about
65 Tg CO2e/year (as global warming
potential), which represent around 50%
of national emissions. These values could
be reduced if certain sanitation
management strategies were introduced
in the environmental management by the
sanitation company in charge of
wastewater treatment.
Rodriguez-Garcia
et al. (2012)
Real plant with modiﬁed
Ludzack–Ettinger conﬁguration (steady
Direct emissions estimation model M Total GHG emissions due to:
biological processes (nitriﬁcation,
Results were compared with ASM1
(Henze et al., 2000)
Direct N2O emissions are far more
relevant than those associated with
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downstream operations which carry signiﬁcant weight on the energy
and carbon balance at the plant-wide scale (e.g., excessive grit accumu-
lation in digesters, resulting in poor or no biogas production and exces-
sive biosolids mass outﬂow; Nolasco and Rosso, 2014).
Plant-widemodels that includeGHG in terms of N2O have been pub-
lished since 2012. Rodriguez-Garcia et al. (2012) presented a critical re-
view of the on-site GHG emissions of WWTPs and suggested a
methodology for systematically quantifying these emissions in the
life-cycle inventory (Table 1), including the role of N2O. Speciﬁcally,
they applied the diffusive emissions estimation model (DEEM), a mod-
iﬁed version of the ASM1 (Henze et al., 2000), which allows CO2 and
N2O emissions quantiﬁcation. The DEEM model was implemented by
including both CO2 and N2O formation during the nitriﬁcation pathway,
as proposed byMampaey et al. (2011). TheDEEMA considers ammonia
as the electron source, and DEEM B considers biomass as the electron
source. Rodriguez-Garcia et al. (2012) applied DEEM to an existing
Spanish WWTPs with a modiﬁed Ludzack–Ettinger conﬁguration and
compared the results with the results obtained by applying the ASM1
andActivated Sludge/Anaerobic Digestionmodels (thiswas later imple-
mented within the BioWin® modelling simulator, Envirosim, ON). The
results showed that the DEEM model provided results similar to those
of other models but with the advantage of easy application for Life
Cycle Assessment applications. Garrido-Baserba et al. (2012) adapted
and extended this approach for the assessment ofWWTP conﬁgurations
and treatment technologies. Recently Kyung et al. (2015) by combining
a simple and comprehensive model established a method to estimate
on-site and off-site GHG emissions during full-scale operation of a
WWTP. Since the model of Kyung et al. (2015) was applied excluding
the sludge line treatment contribution has not be detailed in this
study as a plant-wide model. With the aim of evaluating the effective-
ness of simple steady-state comprehensive process models, Corominas
et al. (2012) compared the model proposed by Bridle et al. (2008)
with a process-based model (Benchmark Simulation Model No. 2 for
greenhouse gas— BSM2G) in terms of efﬂuent quality index (EQI), op-
erational cost index (OCI) and total GHGemissions. The authors demon-
strated that simpliﬁed models compared with process-based models
underestimate GHG emissions, mainly in terms of N2O. Thus, detailed
process-based models are required to better understand and describe
the processes involved in GHG emissions and their relationship to the
other processes (Corominas et al., 2012; Guo and Vanrolleghem,
2014). Corominas et al. (2012) also investigated the role of dynamic
and steady-state simulations in predicting GHG emissions (Table 1).
The authors found that the steady-state and dynamic results did not dif-
fer signiﬁcantly in terms of GHG emissions. However, signiﬁcant vari-
ability was observed in the dynamic results due to the changes in
inﬂuent COD/N ratio and temperature. Steady-state models are not
able to capture the N2O variability.
From the literature review, we conclude that simple steady-state
comprehensive process models have undoubtedly provided an impor-
tant contribution to the understanding and to the identiﬁcation of the
major factors of GHG formation in WWTPs. Furthermore, such models
provided proof of the high level of interconnection and interaction
among the treatment units and advocated the importance of a plant-
wide approach. The use of simple models has pinpointed the need to
understand the mechanisms related to N2O formation (often neglected
in earliermodels). Thesemechanisms have been since investigatedwith
the use of dynamic mechanistic models. However, our review shows
that the results of this group of models are strongly affected by the as-
sumptions used to simplify the models, thus overestimating or
underestimating the evaluated GHG emissions (Corominas et al.,
2012). Therefore, the use of this group of models is appropriate for use
as a screening tool because it provides only a rough approximation of
the emitted GHG. Therefore, the use of mechanistic process-based
models (such as ASM based modes) is suggested. However, it is impor-
tant to specify that plant-wide models based on ASM concept that
Table 2
Most relevant emission factors derived from literature.
Reference Equation Factors Remarks
Off-site emissions
Power generation (kg CO2/d)
Bani Shahabadi
et al. (2009)
PCO2 ¼ Erequired ∑ðFi  EFiÞ Erequired (kWh/d) is the electricity demands of the plant
obtained by multiplying the electricity consumption rate
of 0.2 kWh/mcww with the daily inﬂuent ﬂow (mc/d)
Electricity consumption rate of 0.2
kWh/mcww for aerobic and anaerobic
treatment systems
Fi (dimensionless) is the percentage contribution of fuel i
to satisfy electricity generation needs
EFi (g CO2e/kWh) is the GHG emission factor of fuel i in
producing electricity.
Gori et al.
(2011, 2013)
PCO2=kPG ⋅(eD−eR) eD (kWh/d) is the total energy demand calculated as the
sum of ﬁve component: energy demand for primary
sedimentation, energy demand for secondary
sedimentation, energy demand for anaerobic digestion,
energy demand for other equipment.
The authors assume a site-speciﬁc CO2
emission factor (kPG) per unit of energy
generated, instead of energy mix.
A portion of biogas produced from
anaerobic digester is considered to be
recovered to cover a portion of plant energy
requirements.
kPG (kg CO2e/kWh) = 0.245 is the site-speciﬁc CO2
emission factor per unit of energy generated
eR (kWh/d) is the energy recovery; it is proportional to the
biogas produced which is in turn proportional to the
removal of bCOD (biodegradable COD) in the digester
Listowski et al.
(2011)
PCO2=kPG ⋅eD eD (kWh/d) is the total energy demand calculated as the sum
of ﬁve component: energy demand for primary sedimentation,
energy demand for secondary sedimentation, energy demand
for anaerobic digestion, energy demand for other equipment.
The authors assume a site-speciﬁc CO2
emission factor (kPG) per unit of energy
generated, instead of energy mix
kPG (kg CO2e/kWh) = 0.967 is the site-speciﬁc CO2
emission factor per unit of energy generated
Degradation of remaining biosolids in the digester efﬂuent (gCO2e/d)
Bani Shahabadi
et al. (2009)
PCO2=(0.58 g CO2/g VSS ⋅Mremainingbiosolid)+
(23 ⋅0.35 gCH4/gVSS ⋅Mremainingbiosolid)
The coefﬁcient 0.58 is the conversion factors to transform
the remaining biosolids in CO2
The off-site GHG emissions also incorporate
those due to the degradation of remaining
biodegradable solids in the digester efﬂuent.
The emissions are calculated by assuming
that the residual organic matter is degraded
under anaerobic condition with the
resulting generation of CH4 and CO2.
The GHG emissions from off-site carbon
biodegradation can be calculated by using
the stoichiometric equation for biomass
decay in anaerobic environment provided
by Monteith et al.(2005):
0.05C5H7O2N + 0.2H2O = 0.075CO2 +
0.125CH4 + 0.05NH4+ + 0.05HHCO3
Mremaining biosolid (gVSS/d) is the remaining biodegradable
solids in the digester efﬂuent
The coefﬁcient 23 is the GWP (GlobalWarming Potential) of CH4
The coefﬁcient 0.35 g is the conversion factors to
transform the remaining biosolids in CH4
Biological degradation in the wastewater treatment efﬂuent (kg N2O/y)
Préndez and
Lara-González
(2008)
PN2O=Nefﬂuent ⋅EFefﬂuent Nefﬂuent (kg N/y) is the nitrogen load in the efﬂuent
discharged into aquatic environments
The default IPCC emission factor for N2O
emissions from domestic wastewater
efﬂuent is 0.005 kg N2O-N/kg N, with a
values range of 0.0005 to 0.25 kg N2O–N/kg
N (IPCC Guidelines 2006, Volume 5,
Chapter 6, Table 6.11) are based on limited
ﬁeld data and on speciﬁc assumptions
regarding the occurrence of nitriﬁcation and
denitriﬁcation in rivers and in estuaries.
EFefﬂuent = 0.005 ∗ 44/28 kg N2O/kg N is the emission
factor for N2O emissions from discharged wastewater
The coefﬁcient 0.35 g is the conversion factors to
transform the remaining biosolids in CH4
On-site emissions
Water–Line. Aerobic biological processes
Gori et al., 2011 PCO2e ;ASP ¼ Q  0:99  ð1−YHÞ  ηASP  bCODþ Q
1:03  YH  ηASP  bCOD  kd;H MCRT1þkd;H MCRT
Q (mc/d) is the plant inﬂuent ﬂow rate In this study, the authors hypothesise that
wastewater organic compounds and
activated sludge biomass could be
represented through the formula C10H19O3N
and C5H7O2N, respectively, which is widely
used for the case of domestic wastewater.
The coefﬁcient 0.99 is the emission factor
(kg CO2e/kg COD) related to organic compound
YH (massVSS/massCOD) is the heterotrophic biomass yield
The coefﬁcient 1.03 is the emission factor
(kg CO2e/kg COD) related to activated sludge biomass
ηASP (%) is the bCOD removal in the activated sludge process
kd,H (1/d) is the decay rate of heterotrophic biomass
MCRT (d) is the mean cell retention time.
Préndez and
Lara-González
(2008)
PN2O,PLANT=P ⋅TPLANT ⋅FIND−COM ⋅EFPLANT P is the served population The overall default emission factor to estimate
N2O emissions (EFPLANT) fromWWTP is 3.2
gN2O/person⋯y, with a values range of 2 to 8
gN2O/person⋯y (IPCC Guidelines 2006, Volume
5, Chapter 6, Table 6.11).
This emission factor was determined during
ﬁeld testing at a plant that received only
domestic wastewater treatment plant in the
Northern United States; no other country--
speciﬁc emission factors are available. This
wastewater already included non-consumption
protein, but did not include any co-discharged
industrial and commercial wastewater.
TPLANT (%) is the degree of utilization of modern centralized
WWT plants
FIND−COM (dimensionless) is the fraction of industrial and
commercial co-discharged protein (the IPCC default value
is 1.25, based on data in Metcalf & Eddy, Inc. (2003) and
expert judgement, but it has a values range of 1 to 1.5,
IPCC Guidelines 2006, Volume 5, Chapter 6, Table 6.11
EFPLANT = 3.2 gN2O/person⋯y is the emission factor.
Sludge-line. Anaerobic digestion and biogas combustion(kg CO2/d)
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Table 2 (continued)
Reference Equation Factors Remarks
Gori et al.
(2011, 2013)
PCO2 ;AD ¼ mBGρBG  ρCO2  0:35
PCO2 ;comb ¼ mBG  ð1−ηFEÞ  4416
mBGðkgbiogasd Þ is the mass ﬂow of biogas In the anaerobic environment, the directemissions from anaerobic digester and from
biogas combustion are calculatedρBG ð
kgbiogas
Nmc Þ is the biogas density
ρCO2 ðkg CO2Nmc Þ is the CO2 density
The coefﬁcient 0.35 g is the biogas emission factor
ηFE is the percentage of total methane produced
The coefﬁcient 44/16 is the ratio between the gramme
molecular weights of CO2 and CH4
Sludge-Line. Fugitive emission during sludge dewatering(kg CO2/d)
Gori et al.
(2011, 2013)
PCO2e,fugitive=25 ⋅(mCH4,fugitive ⋅μFE+mCH4,dewatering) the coefﬁcient 25 is the GWP of CH4 In the anaerobic environment the methane
emissions as CO2 equivalent are calculatedμFE is the methane fugitive emission (% of total methane
produced)
mCH4 is the mass ﬂow of methan
Sludge– Line. Methane emissions during wastewater processes(kg CO4/d)
Préndez and
Lara-González
(2008)
PCH4=(TotalOrganic
Waste ⋅EF)−MethaneRecovery
total organic waste (kg BOD/d) is generated by domestic
units
Good practice is to use country/site-speciﬁc
emission factor, expressed in terms of kg
CH4/kg BOD to be consistent with the
activity data; if country/site-speciﬁc data
are not available a default value can be used.
The emission factor is a function of the
maximum methane producing potential of
each waste type (Bo) and the weighted
average of the methane conversion factors
(MCFs) for the different wastewater
treatment systems used in the country, as
shown in the following equation:
EF= Bo⋯MCFs
The IPCC Guidelines (2000, Chapter 5)
suggest a Bo default value of 0.25 kg CH4/kg
COD or 0.6 kg CH4/kg BOD, based on a
theoretical calculation. Note that degradable
carbon in organic waste can be measured in
terms of either BOD (Biological Oxygen
Demand) or COD (Chemical Oxygen
Demand); for typical domestic raw sewage
COD is from 2 to 2.5 times higher than BOD.
The MCF is an estimate of the fraction of
BOD or COD that will ultimately degrade
anaerobically; it is a country/site-speciﬁc
parameter and depends on the type of the
treatment: in the case of anaerobic digester
for sludge without methane recovery the
default value is 0.8, with a values range of
0.8 to 1 (IPCC Guidelines 2006, Volume 5,
Chapter 6, Table 6.3).
EF is the emission factor (kg CH4/kg BOD) that represents
the mass of methane generated per mass of organic matter
degraded
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ple steady-state comprehensive models. Indeed, state variables (N2O,
NO etc.) and model factors have to be added in the Gujer matrix. The
model complexity ampliﬁes in case the contribution of autotrophic bio-
mass in the N2O formation is also taken into account.
3.2. Dynamic mechanistic models
The IWATaskGroup “on the use ofwater quality and processmodels
for minimizing wastewater utility greenhouse gas footprints” has
strongly contributed to development of a benchmarking model based
on the existing BSMs to test control andmonitoring strategies for reduc-
tion of GHG emissions in urban water systems. The evolution of plant-
wide dynamic models over the years has provided robust and detailed
tools tominimizeGHG emissionswhilemaintaining high liquid efﬂuent
quality.
Porro et al. (2011) and Guo et al. (2012) presented the ﬁrst results of
the IWA Task Group (Table 1). Speciﬁcally, Porro et al. (2011) presented
a modiﬁed version of BSM2 in which GHG modelling is taken into ac-
count. In the modiﬁed version of BSM2, the ASM1 was replaced with
the Activated Sludge Models for Nitrogen (ASMN) model proposed by
Hiatt and Grady (2008) and corrected by Corominas et al. (2012). TheASMN model is based on the ASM1 (Henze et al., 2000) and describes
the nitriﬁcation process using two steps and the denitriﬁcation using
four steps (details about the ASMN model will be provided in the
Section 5). Thus, in an attempt to better describe theN2O formation pro-
cess, the two steps of nitriﬁcation and the four steps of the denitriﬁca-
tion processes were added. Further, to predict the N2O emissions due
to nitriﬁcation, the BSM2 was extended with the model proposed by
Mampaey et al. (2011). Moreover, the model proposed by Guisasola
et al. (2009) was included to predict CH4 production and emission in
the sewer system. Porro et al. (2011) applied the extended BSM2 to a
sewer network and to a WWTP with the same scheme used in the
BSM platform. Porro and co-authors found that CH4 emissions due to
the sewer system accounted for approximately 8% of the total system
GHG emissions, whereas N2O emissions fromWWTP accounted for ap-
proximately 25% of the total amount of GHG (Table 1). Furthermore, the
authors showed that by operating the aerobic tanks at a low dissolved
oxygen (DO) concentration, the CO2 emissions related to the aeration
decreased, but the overall GHG emissions increased due to the increase
in N2O emission. These results emphasized the importance of using
plant-wide and arguably system-wide tools to evaluate control strate-
gies aimed at reducing not only the N2O and CO2 emissions but also
the overall GHG footprint.
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of Total Suspended Solids (TSS) removal efﬁciency in the primary clari-
ﬁer on the EQI, OCI and total GHG emissions value (Table 1). Their re-
sults were in agreement with those of Gori et al. (2011) and von
Schulthess and Gujer (1996) in terms of COD/N ratio and N2O produc-
tion. Speciﬁcally, these researchers showed that the higher TSS efﬁcien-
cy removal in the primary clariﬁer decreased the CO2 on-site emissions
(due to the lower CO2 production during endogenous and respiration
biomass growth) and the CO2 off-site emission (due to the lower aera-
tion requirement) (Table 1). High TSS removal efﬁciency in the primary
clariﬁer increases energy recovery in the anaerobic digestion but leads
to an increase of N2O emissions due to the low COD/N ratio (Table 1).
However, Flores-Alsina et al. (2011a) showed that in terms of N2O pro-
duction, the results are in contrast with those of Kampschreur et al.
(2009), who showed that N2O production increases during winter.
Using the BSM2Gmodel, Flores-Alsina et al. (2011b) evaluated different
control strategies using the EQI, OCI and time in violation (TIV) and in-
cluded the total GHG emissions (Table 1). The results conﬁrmed the
ﬁndings derived from other studies in terms of dependence among
DO, COD/N ratio andGHGemissions (Table 1). For example, it was dem-
onstrated that the lowest GHG emissionswere found at a low sludge re-
tention time (SRT, of approximately 12 days). Furthermore, Flores-
Alsina et al. (2011b) demonstrated that no unique best strategy exists
to simultaneously optimize EQI, OCI, TIV and GHG emissions. For exam-
ple, the strategies that minimize GHG emissions cause poor perfor-
mance in EQI due to the high nitrogen concentration discharged. Thus,
the authors underlined the need to balance the criteria adopted to select
the best strategy. Again, this demonstrates the need for a plant-wide
approach.
More recently, Flores-Alsina et al. (2014) demonstrated the poten-
tial of adding GHG emissions using a plant-wide approach to elaborate
the best strategies for control of WWTPs (Table 1). The authors used
the BSM2G model to investigate the inﬂuence of process variables
(e.g., DO in the aerobic tanks, removal efﬁciency of TSS in the primary
clariﬁer, etc.) on such performance indicators as EQI, OCI, and GHG
emissions.
Sweetapple et al. (2013) presented the BSM-e, a modiﬁed version of
BSM2 (Jeppsson et al., 2007) that is able to quantify on-site and off-site
GHG emissions from aWWTPwith the same conﬁguration as the BSM2
(as detailed by Jeppsson et al., 2007 and Nopens et al., 2010; Table 1).
The BSM-e model differs from the BSM2G because it includes four-
steps for denitriﬁcation, as detailed by Samie et al. (2011), including
stripping of N2O and CO2 emissions, as suggested by Monteith et al.
(2005) (Table 1). Sweetapple et al. (2013) used the BSM-e model to
identify the key sources of uncertainty in GHG modelling and found
that uncertainty in the modelled N2O emissions is the primary contrib-
utor to uncertainty in GHG emissions due to the large interaction effects
of the threemodelling parameters for nitrogen conversion. This empha-
sizes the need for detailed knowledge of the N2O mechanism and a re-
liable database.
The BSM-e model has been adopted by Sweetapple during the re-
cent years to evaluate strategies and criteria aimed at reducing GHG
emissions at the plant-wide scale (Table 1). Sweetapple et al. (2014b)
presented multi-objective optimization criteria corroborating the im-
portance of using a plant-wide view for optimal plant control.
Sweetapple et al. (2014a) investigated the effects of adjusting control
handle values on GHG from WWTP using the BSM-e model
(Sweetapple et al., 2013) and the BSM2 model (Jeppsson et al., 2007).
The authors found that the variance in total GHG emissions is primarily
related to the changes in direct N2O emissions, selection of values for
waste ﬂow rates, and aeration intensity in the ﬁnal activated sludge re-
actor. The results emphasize the need for better investigation of theN2O
dynamics. Indeed, detailed dynamic mechanistic models are recom-
mended to better account for the strong non-linearity and interconnec-
tions among the different WWTP treatment units (Flores-Alsina et al.,
2014).Bisinella de Faria et al. (2015) have recently attempt to combine dy-
namic WWTP modelling (BSM2 and the BioWin Activated Sludge/An-
aerobic Digestion models) with Life Cycle Assessment to compare ﬁve
wastewater treatment plant (WWTP) scenarios. However, the model
of Bisinella de Faria et al. (2015) has the limit of quantifying GHG by
adopting emission factors which have the limit of neglecting the vari-
ability of GHG. The literature review presented above shows that de-
spite the huge efforts to include GHG at a plant-wide scale, the studies
performed thus far have taken place only at the research level and are
often applied to hypothetic case studies (with exception of Ni et al.
(2013b), Guo (2014) and Lim and Kim (2014)), yet not currently within
the realm of practitioners or WWTP operators. This situation is mostly
likely due to certain critical aspects that are in need of future studies/
work forwidespreadGHGmodelling: i) incomplete process knowledge,
especially in terms of N2O production; ii) difﬁculty in understanding the
interactions among the plant sections needed to properly balance GHG
emissions; iii) lack of data for model calibration; and iv) model
complexity that leads to excessive computational intensity.
4. Previous studies of GHG–N2O modelling at the process or treat-
ment unit scale
The literature includes a wide variety of physical, biological or inte-
grated models. The acquired knowledge on CO2 and CH4 formation is
mature. Therefore, we here focus our attention on N2O modelling.
Several efforts are provided in the literature to better understand the
N2O production processes (Table 3). The N2O models can be grouped
based on the biomass involved during its production (heterotrophic or
autotrophic). Table 4 summarizes the key algorithms for each model
related to N2O production.
The ASMN represents one of the most important models that are
able to predict N2O production using heterotrophic denitriﬁer bacteria
(Hiatt and Grady, 2008). The ASMN model is based on the ASM1
(Henze et al., 2000) and incorporates several processes of the ASM1.
Themain difference between ASM1 and ASMN is related to the nitriﬁca-
tion and denitriﬁcation processes. The ASMN describes the nitriﬁcation
process using two steps (Eqs. (3)–(4) in Table 4) and the denitriﬁcation
using four steps (Eqs. (6)–(9) in Table 4). Moreover, the ASMN model
includes the mixotrophic growth of NOB in the case in which nitrite is
present (Eq. (5) in Table 4). A particular key element of the ASMN
model is represented by the denitriﬁcation steps, which are described
independently. Furthermore, themodel hypothesises that the total elec-
tron demand during denitriﬁcation is satisﬁed in each denitriﬁcation
step. This key feature of the structure of ASMN, which simpliﬁes the
denitriﬁcation process, could inﬂuence the reliability of its results.
The denitriﬁcation process was modelled more simply by Kaelin
et al. (2009). Indeed, Kaelin et al. (2009) proposed a two-step nitriﬁca-
tion process (Eqs. (10), (11) in Table 4) and a two-step denitriﬁcation
process (Eqs. (12), (13) in Table 4) in their model as an extension of
the ASM3 (Henze et al., 2000). The application of the models has re-
vealed the satisfactory ability of the two-step denitriﬁcation model to
describe correctly the N2O formation, despite its simplicity. Indeed,
themechanism of N2O formation from the heterotrophic denitriﬁcation
process is well known and knowledge is robust.
Regarding the role of autotrophic bacteria, based on the current
knowledge on theN2O formation processes, several of themathematical
models proposed consider their contribution (AOB— nitriﬁer denitriﬁ-
cation and NH2OH pathways; Table 4). Speciﬁcally, models that consid-
er N2O production by AOB describe this complex process according to
two major pathways: i) N2O formation as a product of the incomplete
NH2OH oxidation to nitrite (e.g., Law et al., 2012a), and ii) N2O forma-
tion as a product of AOB denitriﬁcation in which NO2− is adopted as an
electron acceptor (e.g., Ni et al., 2013a; Mampaey et al., 2011). There-
fore, N2O model by AOB can be grouped into single-pathway (only
one pathway is considered) models and two-pathway (both pathways
are considered) models (Ni and Yuan, 2015). The majority of these
Table 3
Summary of the main relevant GHG mathematical models based on the process–approach found in literature.
Reference Type of WWTP Type of model Evaluation criteria Variables Remarks
Hiatt and
Grady
(2008)
Three plant schemes are
compared: 1) single continuous
stirred tank reactor (CSTR) with
clariﬁer; 2) two CSRTs in series
with clariﬁer; 3) two CSRTs in
series with clariﬁer and internal
recirculation in the modiﬁed
Ludzack–Ettinger conﬁguration
ASMN (dynamic), incorporates
two nitrifying populations — AOB
and NOB and four steps
denitriﬁcation. Model uses the
Ratkowsky equation (Ratkowsky
et al., 1983) to describe the effect
of temperature on microbial
growth.
Dissolved NO and
N2O
Plant scheme ASMN model provides the
important capability to address
the effects of elevated
temperature, salt conditions and
priority pollutants.
Kaelin
et al.
(2009)
Pilot plant: mechanical
pretreatment (screen, grid
chamber), primary settler,
secondary settler, 1 anoxic tank
(BIO 1), 2 continuously or
intermittently aerated tanks (BIO
2 and BIO 3).
Extension of ASM3 (Henze et al.,
2000) for two-step nitriﬁcation
and denitriﬁcation
NH4, NO2, NO3, DO
concentration
– Controlling ammonium efﬂuent
concentration could lead to a
partial washout of NOB and
increased nitrite peaks, especially
during temperature shocks in fall.
Ni et al.
(2011)
Sequential Batch Reactor Pseudomechanistic model able to
describe N2O dynamics during N
removal via mixed-culture
nitriﬁcation and denitriﬁcation
N2O production Dissolved oxygen, inﬂuent
ammonium shock loads; Low
COD/N Ratio; NH2OH as
Substrate
N2O production can account for
0.1–25% of the consumed N in the
different nitriﬁcation and
denitriﬁcation systems. The DO
concentration is considered a
very important parameter
governing N2O emissions during
nitriﬁcation; with lower DO
concentrations leading to higher
emissions.
Law et al.
(2012a)
Sequential Batch Reactor Mechanistic model that assumes
that N2O production is due to the
chemical decomposition of
unstable NOH, an intermediate of
NH2OH oxidation. The chemical
decomposition of NOH occurs
with ﬁrst order kinetics.
N2O production – –
Ni et al.
(2013a)
Sequential Batch Reactor Mechanistic model that assumes
reduction of NO, produced from
the oxidation of NH2OH, into N2O.
DO has no inhibitory effect on NO
reduction
NH4, NO2, NO2
concentration;
cumulative N2O
emissions
Comparison of the proposed
model with the models of
Mampaey et al. (2013), Law
et al. (2012a) and Ni et al.
(2011) by evaluating the role of
dissolved oxygen; NH2OH as
substrate, NH4+ as substrate.
The four models can describe the
NH4+, NO2− and NO3− data. None of
the model is able to reproduce all
N2O measured data. Both AOB
denitriﬁcation and NH2OH
pathways could be involved in
N2O production.
Mampaey
et al.
(2013)
Two plant schemes are
compared: 1) SHARON process
operated in continuous stirred
tank reactor without biomass
retention, with ammonia
oxidation and without further
oxidation to nitrate; 2) SHARON
process with 1.5 days of sludge
retention time (SRT) in case of
continuously aerated reactor and
intermittently aerated reactor.
Dynamic model that includes NO
and N2O formation through
denitriﬁcation by AOBs.
Ammonia oxidation is modelled
as one-step process.
NO and N2O
production rate, NO
and N2O
concentration as
gas phase, dissolved
NO and N2O
concentration
SRT, aeration stripping rate No ambiguous decision of the
true NO and N2O formation
mechanism can be made.
Ni et al.
(2014)
Sequential Batch Reactor Dynamic model that incorporates
both the nitriﬁer denitriﬁcation
and the NH2OH pathways for N2O
production.
N2O production Model validation has been
performed by means of batch
tests where different NO2−
dosing were done. Moreover,
tests with NO2− accumulation
and stepwise DO increase with
stepwise NO2− were performed.
The uniﬁed two-pathway model
proposed is able to describe N2O
dynamics from two different
nitrifying cultures
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model). Speciﬁcally, Mampaey et al. (2011) proposed a model in
which the nitriﬁer denitriﬁcation pathway (Eqs. (15) and (16) in
Table 4) is considered during N2O formation (Table 3). Furthermore,
Mampaey et al. (2013) presented a model to simulate the NO and N2O
emissions by means of nitriﬁer denitriﬁcation (i.e., using AOB activity;
Table 3) with consideration of two different production mechanisms.
The results obtained did not provide any unambiguous suggestions for
the truemechanismofNOandN2O formation. Thus, theneed for further
investigationwas recommended by the authors, suggesting that knowl-
edge of the role of AOB in NO and N2O formation is still incomplete.
Ni et al. (2011) proposed a model that is able to simulate N2O pro-
duction during both the nitriﬁcation and the denitriﬁcation processes
(Table 3). The model includes two-step nitriﬁcation (Eqs. (17) and(18) in Table 4) and four-step denitriﬁcation processes. In contrast to
that of Mampaey et al. (2013), the model proposed by Ni et al. (2011)
considers the inhibition effect of DO on nitrite and NO reduction by
AOB. Furthermore, a difference between the model proposed by Ni
et al. (2011) and Mampaey et al. (2013) is related to the ammonia oxi-
dation. The model of Ni et al. (2011) considers the ammonia oxidation
as a two-step (ammonia to hydroxylamine and then to nitrite) process,
conversely in Mampaey et al. (2013) a one step oxidation process (am-
monia to nitrite) is considered. The model of Ni et al. (2011) has been
modiﬁed subsequently modiﬁed by Pocquet et al. (2013) by removing
the DO inhibition effect on AOB denitriﬁcation pathway and inserting
the pH effect on N2O formation. Indeed, Pocquet et al. (2013) have
added two new state variables (free ammonia and free nitrous acid)
as AOB substrate during the denitriﬁcation. Law et al. (2012a) proposed
Table 4
Summary of the key algorithms of the literature N2O models.
Process Process rate equation Reference No.
equation
Ammonia oxidation – μAOB  XAOB  ð SFAKFAþSFAþS2FA=KFA;AOBÞ  ð
SO
KO;AOBþSOÞ  ð
KFNA;AOB
KFNA;AOBþSFNAÞ Hiatt andGrady
(2008)
3
Nitrite oxidation Autotrophic growth of
NOB
μNOB  XNOB  ð SFNAKFNAþSFNAþS2FNA=KFNA;NOBÞ  ð
SO
KO;NOBþSOÞ  ð
KFA;NOB
KFA;NOBþSFAÞ 4
Mixotrophic growth
of NOB
βg  ð SSKSþSSÞ  μNOB  XNOB  ð
SFNA
KFNAþSFNAþS2FNA=KFNA;NOB
Þ  ð SOKO;NOBþSOÞ  ð
KFA;NOB
KFA;NOBþSFAÞ 5
Denitriﬁcation Heterotrophic growth
using nitrate
βg  μH  ηg  ð SSKSþSSÞ  ð
SNO3
KNO3þSNO3
Þ  ð KOHKOHþSOÞ
6
Heterotrophic growth
using nitrite
βg  μH  XH  ð SSKSþSSÞ  ð
SNO2
KNO2þSNO2
Þ  ð KOHKOHþSOÞ  ð
KINO
KINOþSNONO
Þ 7
Heterotrophic growth
using nitric oxide
ηg  μH  XH  ð SSKSþSSÞ  ð
SNO
KNOþSNOþS2NO=KINO
Þ  ð KOHKOHþSOÞ 8
Heterotrophic growth
using nitrous oxide
ηg  μH  XH  ð SSKSþSSÞ  ð
SN2O
KN2OþSN2O
Þ  ð KOHKOHþSOÞ  ð
KINO
KINOþSNOÞ
9
Ammonia oxidation Autotrophic growth of
AOB
μAOB  XAOB  ð SOKO;AOBþSOÞ  ð
SNH
KH;NH4 þH;NH4 SNH Þð
SALK
K
N;ALK
þN;ALKSALK
Þ
Kaelin et al.
(2009)
10
Nitrite oxidation Autotrophic growth of
NOB
μNOB  XNOB  ð SOKO;NOBþSOÞ  ð
SNO2
KN;NO2 þN;NO2 SNO2 Þð
SALK
K
N;ALK
þN;ALKSALK
Þð SNH
K
H;NH4
þH;NH4SNH
Þ
11
Denitriﬁcation Heterotrophic growth
using nitrate
μH  ηH;NO3  ð KHOKHOþSOÞ  ð
SNH
KH;NH4 þH;NH4 SNH Þð
SALK
K
H;ALK
þH;ALKSALK
Þð XSTO =XHKH;STOþXSTO =XHÞð
SNO3
KH;NO3
þSNO3
ÞXH
12
Heterotrophic growth
using nitrite
μH  ηH;NO2  ð KHOKHOþSOÞ  ð
SNH
KH;NH4 þH;NH4 SNH Þð
SALK
K
H;ALK
þH;ALKSALK
Þð XSTO =XHKH;STOþXSTO =XHÞð
SNO2
KH;NO2
þSNO2
ÞXH
13
Ammonia oxidation – μAOB  ð
SO2
KO2 ;AOBþSO2
Þ  ð SNH4KNH4 ;AOBþSNH4 Þ  XAOB
Mampaey
et al.
(2011)a
14
AOB denitriﬁcation contribution NO2 reduction μAOB;HAO  ημAOB  ð
SO2
KO2 ;AOBþSO2
Þ  ð SNO2KNO2 ;AOBþSNO2 Þ  ð
SNH4
KNH4 ;AOBþSNH4
Þ  XAOB 15
NO reduction μAOB;HAO  ημAOB  ð
SO2
KO2 ;AOBþSO2
Þ  ð SNOKNO;AOBþSNOÞ  ð
SNH4
KNH4 ;AOBþSNH4
Þ  XAOB 16
Ammonia oxidation – μAOB;AMO  ð
SO2
KO2 ;AOBþSO2
Þ  ð SNH4KNH4 ;AOBþSNH4 Þ  XAOB
Ni et al.
(2011)a
17
NH2OH oxidation – μAOB;HAO  ð
SO2
KO2 ;AOBþSO2
Þ  ð SNH2OHKNH2OH;AOBþSNH2OHÞ  XAOB
18
AOB denitriﬁcation contribution NO2 reduction μAOB;HAO  ημAOB  ð
KO2 ;AOB
KO2 ;AOBþSO2
Þ  ð SNO2KNO2 ;AOBþSNO2 Þ  ð
SNH2OH
KNH2OH;AOBþSNH2OH
Þ  XAOB 19
NO reduction μAOB;HAO  ημAOB  ð
KO2 ;AOB
KO2 ;AOBþSO2
Þ  ð SNOKNO;AOBþSNOÞ  ð
SNH2OH
KNH2OH;AOBþSNH2OH
Þ  XAOB 20
Ammonia oxidation – μAOB  ð
SO2
KO2 ;AOBþSO2
Þ  ð SNH4KNH4 ;AOBþSNH4 Þ  XAOB
Law et al.
(2012b)a
21
AOB denitriﬁcation contribution (NH2OH/NOH
pathway)
– qAOB; ;max  ð
SO2
KO2 ;AOBþSO2
Þ  ð SNH2OHKNH2OH;AOBþSNH2OHÞ  XAOB
22
– qAOB; ;max  ð
SO2
KO2 ;AOBþSO2
Þ  ð SNOHKNOH;AOBþSNOHÞ  XAOB
23
– qAOB,max ⋅SNOH 24
–
1
2 ð
μAOB  ð
SO2
KO2 ;AOBþSO2
Þ  ð SNH4KNH4 ;AOBþSNH4 Þ  XAOB þ qAOB; ;max 
ð SO2KO2 ;AOBþSO2 Þ  ð
SNH2OH
KNH2OH;AOBþSNH2OH
Þ  XAOB−μAOB  ð
SO2
KO2 ;AOBþSO2
Þ
ð SNH4KNH4 ;AOBþSNH4 Þ  XAOB
Þ
25
Ammonia oxidation – μAOB  ð
SO2
KO2 ;AOBþSO2
Þ  ð SNH4KNH4 ;AOBþSNH4 Þ  XAOB
Ni et al.
(2013b)a
26
AOB denitriﬁcation contribution (NH2OH/NO
pathway)
– μAOB;HAO  ð
SO2
KO2 ;AOBþSO2
Þ  ð SNH2OHKNH2OH;AOBþSNH2OHÞ  XAOB
27
– μAOB;HAO  ð
SO2
KO2 ;AOBþSO2
Þ  ð SNOKNO;AOBþSNOÞ  XAOB
28
– μAOB;HAO  ημAOB  ð SNOKNO;AOBþSO2 Þ  ð
SNH2OH
KNH2OH;AOBþSNH2OH
Þ  XAOB 29
Ammonia oxidation – μAOB  ð
SO2
KO2 ;AOBþSO2
Þ  ð SNH3KNH3 ;AOBþSNH3 Þ  XAOB
Mampaey
et al. (2013)
30
Nitric acid oxidation Scenario A fDNT;A  μAOB  ð
SO2
KO2 ;AOBþSO2
Þ  ð SNH3KNH3 ;AOBþSNH3 Þ  ð
SHNO2
KHNO2 ;AOBþSHNO2
Þ  XAOB 31
Scenario B fB  fDNT;A  μAOB  ð
SHNO2
KHNO2 ;AOBþSHNO2
Þ  XAOB 32
AOB denitriﬁcation contribution Scenario A μAOB  ð
SO2
KO2 ;AOBþSO2
Þ  ð SNH3KNH3 ;AOBþSNH3 Þ  ð
SNO
KNO;AOBþSNOÞ  XAOB
33
Scenario B fB  μAOB  ð SNOKNO;AOBþSNOÞ  XAOB 34
Ammonia oxidation – rNH3 ;ox  ð
SO2
KO2 ;NH3þSO2
Þ  ð SNH3KNH3þSNH3 Þ  ð
SMred
KMred;1þSNH3
Þ  XAOB Ni et al.
(2014)b
35
NH2OH oxidation – rNH2OH;ox  ð
SNH2OH
KNH2OHþSNH2OH
Þ  ð SMoxKMoxþSMoxÞ  XAOB
36
NO oxidation – rNO;ox  ð SNOKNO;oxþSNOÞ  ð
SMox
KMoxþSMoxÞ  XAOB 37
NO reduction to N2O – rNO;red  ð SNOKNO;redþSNOÞ  ð
SMred
KMred;2þSMredÞ  XAOB 38
Oxygen reduction to H2O – rO2 ;red  ð
SO2
KO2 ;redþSO2
Þ  ð SMredKMred;3þSMredÞ  XAOB
39
NO2 reduction to N2O – rNO2− ;red  ð
SNO2−
KNO2−þSNO2−
Þ  ð SMredKMred;4þSMredÞ  XAOB
40
NH3 oxidation to hydroxylamine with oxygen
consumption
qAOB;AMO
SO2
SO2þKO2 ;AOB;1
SNH3
SNH3þKNH3 ;AOB
XAOB Pocquet
et al. (2016)
41
NH2OH oxidation to nitric oxide coupled with
oxygen reduction
μAOB;HAO
SO2
SO2þKO2 ;AOB;2
SNH2OH
SNH2OHþKNH2 ;OH;AOB
XAOB 42
NO oxidation to nitrite coupled with oxygen
reduction
qAOB;HAO
SO2
SO2þKO2 ;AOB;2
SNO
SNOþKNO;AOB;HAO XAOB
43
NO reduction to N2O by the enzyme “Nor” coupled 44
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Table 4 (continued)
Process Process rate equation Reference No.
equation
with the hydroxylamine oxidation to nitrite qAOB;N2O;NN
SNH2OH
SNH2OHþKNH2OH;AOB
SNO
SNOþKNO;AOB;NN XAOB
HNO2 reduction to N2O coupled with NH2OH
oxidation to nitrite
qAOB;N2O;ND
SNH2OH
SNH2OHþKNH2OH;AOB
SHNO2
SHNO2þKHNO2 ;AOB
fðSO2 ÞXAOBc 45
Scenario A = NO and N2O formation take place using 2 out of 6 electrons from ammonium oxidation to nitrite.
Scenario B = NO and N2O formation take place at the expense of AOB biomass (using intracellular electron donor).
a Endogenous decay and aerobic NO2 oxidation by NOB is also included.
b Incorporates both the nitriﬁer denitriﬁcation and the NH2OH pathways for N2O production.
c fðSO2 Þ ¼
SO2
KO2 ;AOB;NDþð1−2
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
KO2 ;AOB;ND=KI;O2 ;AOB
p ÞSO2þS2O2 =KI;O2 ;AOB
.
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N2O formation as a product of the NOH decomposition NOH.
To deepen the insight into the model describing the N2O formation,
Ni et al. (2013a) recently applied fourmodels (all one pathwaymodels)
that use different concepts in terms of the N2O formation pathway:
Model I proposed by Mampaey et al. (2011); Model II proposed by Ni
et al. (2011); Model III based on NH2OH/NOH pathway as suggested
by Lawet al. (2012a); andModel IV proposed by the authors. The results
showed that all four models were able to reproduce the measured data
in terms of NH4, NO2 and NO3 but not in terms of N2O. This result sug-
gested to the authors that both AOB denitriﬁcation and the NH2OH
pathway are probably involved in N2O formation. Therefore, despite
the higher complexity than the one pathway model, two pathway N2O
formation models have to be investigated.
With this regard Law et al. (2012b) proposed amodel that considers
the NH2OH/NOH pathway, as reported in Table 2 (Eqs. (22)–(25) in
Table 4). Thus, different from the models proposed by Mampaey et al.
(2013) and Ni et al. (2011), in this model, a double pathway formation
is considered for N2O. The model proposed by Law et al. (2012a)
assumes ﬁrst-order kinetics for the NOH decomposition.
Moreover, to better reproduce the dominant pathway involved dur-
ing the AOB growth that leads to N2O formation for different conditions
(i.e., DO concentration), Ni et al. (2014) recently proposed a newmodel.
This model represents the ﬁrst model that incorporates both nitriﬁer
denitriﬁcation and the NH2OH pathway for N2O production (Table 4).
Themodel of Ni et al. (2014) has the particularity of basing the complex
metabolism of AOB on three oxidation processes (Eqs. (35)–(37) in
Table 4) and three reduction processes (Eqs. (38)–(40) in Table 4).
The processes are connected by electron carriers which enable the elec-
tron transfer from oxidation to reduction. More recently, Peng et al.
(2015) proposed a two-pathway model that represent an extension of
the model proposed by Ni et al. (2014) that takes into account the de-
pendency between N2O produced by AOB and the content of inorganic
carbon available for ammonia oxidation. In this way the effect of inor-
ganic compound availability on the N2O formation, never taken into ac-
count, has been considered. Very recently, a two-pathway N2O model
was proposed by Pocquet et al. (2016). The model of Pocquet et al.
(2016) is based on ﬁve enzymatic reactions (Eqs. (41)–(45) in
Table 4). Differently to the original one pathway models (of Ni et al.
(2011) and Mampaey et al. (2013)) from which originated, the model
of Pocquet et al. (2016) describes the reduction of nitrite into N2O as a
single process (process related to the Eq. (45) in Table 4) without con-
sidering the intermediate formation of NO. Therefore, differently to pre-
vious models, it was assumed that the amount of NO accumulated by
the AOB denitriﬁcation pathway was negligible compared to that emit-
ted by the incomplete NH2OH oxidation to nitrite pathway. Differently to
Peng et al. (2015) the model proposed by Pocquet et al. (2016) does not
consider the NH3 and HNO2 inhibition effect on the AOB growth. The
model of Pocquet et al. (2016) is able to describe the pattern of NO/N2O
ratio inside the modelled system (that cannot be described by means of
a single-pathway model). The NO/N2O ratio provides information about
the dominant N2O pathway (decrease of NO/N2O ratio is due to thepredominance of AOB denitriﬁcation pathway; increase of NO/N2O ratio
is due to the predominance of hydroxylamine
pathway). The model of Pocquet et al. (2016) was successfully cali-
brated and validated on N2O and NO measured data. However, the
model contains intrinsic assumptions due to case study and merit to
be further extended. Our conclusion is that, despite the two-pathway
N2O model has been identiﬁed as being more adequate than the
single-pathway one, convergence towards the “best”model N2O forma-
tion has not been yet achieved. However, further studies must be per-
formed to improve modelling knowledge of the role of AOB in
denitriﬁcation and consequently in producing N2O. Although the
existing models still contain limitations, the development of adequate
measurement techniques and an increase in the available datasets
should improve future applications. However, the interest in a better un-
derstanding of N2O (especially in terms of AOBpathways) formation still
represents the driving force to improve the existingmodels. A better un-
derstanding of AOB N2O pathways could have a twofold advantage: i. a
more accurate prediction of N2O production fromWWTP; ii. better iden-
tify the WWTP operation conditions inﬂuencing the N2O formation.
5. Discussion and future outlooks
The scientiﬁc community has to examine the key elements of GHG
modelling using a plant-wide approach. This has several advantages
and potentials: i) it takes into account the role of each plant treatment
unit process and the interactions among them and ii) it operates/con-
trols each unit, not only at local level but as a component of a system,
thus avoiding the risk of a sub-optimization (e.g., reduction of the efﬂu-
ent quality at higher operational costs; Jeppsson et al., 2006). Thus, by
includingGHG in a plant-widemodelling approach, it is possible to eval-
uate how control strategies used to minimize GHG emissions can im-
pact the plant carbon footprint and vice versa. Indeed, as recently
discussed by Sweetapple et al. (2015) WWTPs has to be managed by
adopting a wide vision and including all the aspects related with the
sustainability (e.g., GHG production, operational costs, net energy,
etc.…) during the identiﬁcation of control strategies.
Despite the clear advantages in using plant-wide modelling
approaches that include GHG, their use is currently conﬁned to the
research domain, mainly due to the intrinsic high complexity of the
system and incomplete knowledge of the key processes involved in
the GHG formation. Furthermore, including the GHG formation
processes, plant-wide models become more complex and often
overparameterized (a great number of model factor to be calibrated
with respect to the available measured data). Therefore, to facilitate ef-
fective applications of plant-wide GHG models, efforts should be dedi-
cated to tackling crucial aspects: lack of data, poor knowledge of key
processes involved in the N2O formation and lack of plant-wide tools.
Furthermore, knowledge on the GHG production in case of using of
advanced WWTP, such as moving bed bioﬁlm reactors, granular sludge
reactors or on the anaerobic treatment, has still to be matured.
Particular attention has been focused on the type of plant-wide
mathematicalmodels to be used, i.e., simple steady-state processmodels
268 G. Mannina et al. / Science of the Total Environment 551–552 (2016) 254–270or dynamic mechanistic (process-based) models. It was demonstrated
that simpliﬁed models based on emission factors often provide local re-
sults and underestimate the GHG emissions (Corominas et al., 2012). Al-
though simpliﬁed models (namely, steady-state models) can be used to
estimate the order ofmagnitude of GHG emissions from theWWTP, sev-
eral applications in the literature have demonstrated that the dynamics
of GHG formation cannot be captured using steady-state modelling. Dy-
namic modelling is always recommended to provide more reliable GHG
prediction. Particular attention must be focused on N2O dynamics to
achieve better control of the total GHG emissions fromWWTPs.
The general trend in the literature is to adoptmore detailed dynamic
process-based models. However, these models are characterized by a
multitude of factors and require a large amount of data for calibration.
Furthermore, full-scale mathematical model experiments must be per-
formed to establish clear kinetics and formation mechanisms of GHG
(especially N2O) for different biomass cultures. Moreover, the existing
plant-wide GHGmodels are affected by incomplete process knowledge,
especially in terms of N2O. Knowledge of the involved N2O production
pathways must be expanded to improve the existing models and to es-
tablish a comprehensive model that is able to reproduce all of the pro-
cesses involved in N2O formation. Indeed, the immature knowledge
on N2O formation (especially in terms of AOB pathways) can strongly
affect (underestimating or overestimating) the N2O prediction of a
plant-wide models.
The critical aspects related to GHG plant-wide modelling have limit-
ed the spread/use of the existing models, which are used only as
research tools. Future efforts should be dedicated to setting up mathe-
matical software and plant-wide tools/platforms for practical and
feasible application during plant operation. Further, efforts on the
plant-wide models calibrations should be performed in order to estab-
lish a speciﬁc procedure for calibrating such complex (and often
overparameterized) models.
The environmental trade-off is now recognized, and further studies
and modelling development will enable process optimization for GHG
emissions. Thus, an increase in the quantity and quality of measured
data for GHG emissions from WWTPs is critical. Although improved
on-line instrumentation and extended sampling campaigns for GHG
emissionmonitoring will be required, standardized analytical protocols
must be set up, and operators and plant managers must be educated on
how to monitor/control/reduce GHG emissions fromWWTPs.
Currently, it must be stressed that despite the importance of includ-
ing the GHG emissions due to the processes occurring inside the receiv-
ing water body, these topics are often neglected as a result of a lack of
knowledge. This ismainly due to the current inability to establish an ac-
curate method to measure GHG diffusive ﬂuxes over water bodies
(Tremblay et al., 2005). Further a great variability in GHG production
fromRWBoccurs. Conversely, in order to obtain an adequate quantiﬁca-
tion of the GHGemitted from a naturalwater body a large amount of ac-
curate measured data are required (Tremblay et al., 2005). This could
aid to better interpret the key mechanism/processes that occur in the
water body affecting the GHG production. Thus, further experiments
are required to evaluate the role of the processes occurring inside the re-
ceiving water body that contribute to total GHG emissions.6. Conclusions
The plant-wide modelling approach represents the best option to
understand how to reduce the carbon footprint of WWTPs. Literature
demonstrates that to manage WWTPs in a sustainable way indicators
include operational costs, net energy and multiple environmental
performance
measures including GHG has to be considered. In this context, GHG
modelling should be applied using dynamic mechanistic (process-
based) models. The use of emission factors or simple steady-state
models can provide only the magnitude of the GHG emissions.Improvement in on-line instrumentation for data acquisition (espe-
cially for N2O) is required in the future for a feasible plant-wide ap-
proach that includes GHG as a common practice.
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